Abstract HIV prevalence in Alameda County (including Oakland) is among the highest in California, yet the case registry may under-appreciate the full burden of disease. Using lists from health care facilities serving socioeconomically diverse populations and the HIV surveillance list, we applied capture-recapture methods to evaluate the completeness of the surveillance system by estimating the number of diagnosed people living with HIV and seeking care in Alameda County in 2013. Of the 5376 unique individuals reported from the lists, 397 were missing from the surveillance list. Models projected the total population size to be 5720 (95% CI 5587-6190), estimating the surveillance system as 87% complete. Subgroup analyses identified groups facing a disproportionate burden of HIV as more likely to be detected by the surveillance list. The Alameda County HIV surveillance system reports a high proportion of persons diagnosed with HIV within the jurisdiction. Capture-recapture analysis can help track progress towards maximizing engagement in HIV care.
Introduction
Surveillance systems permit estimation of incidence and prevalence of infectious diseases and describe epidemiologic features by characterizing populations most affected [1] . Appropriate resource allocation, priority settings, and programs are informed by accurate information from such surveillance systems. Within California, Alameda County is among the most severely affected counties with respect to HIV infection, ranking among the top five counties for cumulative number of AIDS cases, and among the top ten counties for cumulative number of persons living with HIV (PLWH) as of December 31, 2013 [2] .
Laboratory-based reporting of test results for HIV-infected individuals is a core component of HIV surveillance throughout the United States (US) [3] [4] [5] . When laboratory tests (e.g., HIV antibody, CD4 cell count, and HIV viral load) are ordered, results are returned for clinical decision-making and also sent to the health department. When a laboratory result indicative of HIV infection is reported to the Alameda County Public Health Department (ACPHD), staff work to determine whether the patient is already listed in the statewide HIV registry and, if not, they obtain the additional information needed for reporting from the facility of the provider who ordered the test. In principle, this surveillance method and the legal requirement of providers to report cases should capture all individuals diagnosed with HIV within Alameda County who receive HIV care services or for whom a test is ordered.
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However, the completeness of the HIV surveillance system is unknown. Potential under-reporting can bias estimates of disease burden. Such biases may obscure disparities in accessing care for specific populations (e.g., by sex, race, or risk behavior). A formal evaluation is necessary to describe accurately the epidemiologic features of HIV infection and to plan equitable distribution of health resources.
We used capture-recapture methods to estimate the total number of persons who were newly diagnosed as HIV positive in the county as well as those persons receiving HIV-related health care services within the county. Capture-recapture is a popular sampling and statistical method used to estimate the size of hidden and hard-to-reach human populations [6] [7] [8] [9] [10] . This method is also commonly used to evaluate surveillance systems [3, 10] . We evaluated the completeness of the ACPHD HIV surveillance system by estimating the size of this target population and noting the proportion observed by the HIV surveillance system. We also estimated the size of the population within demographic subgroups to determine if any groups were systematically underrepresented in the surveillance system. We restricted our analysis to calendar year 2013 because it is recent enough to be relevant to describing the current population of PLWH for whom ACPHD is responsible, and enough time has passed to limit the effects of reporting delays [3] .
Methods
Capture-recapture is based on the amount of overlap in two or more samples (or lists) of the target population; the greater the overlap of unique individuals in multiple samples, the smaller the unobserved population. This method relies on four assumptions: (1) the target population is ''closed'' (no entries or losses during the study period); (2) the same individual is correctly identified and matched on multiple lists; (3) for any single list, each case in the population has the same probability of ascertainment (capture homogeneity); and (4) appearing on one list does not affect the probability of appearing on another list (list independence) [11, 12] . If these assumptions hold, the Lincoln-Petersen formula estimates the unobserved population size from the overlap of two lists:
where n 10 is the number of captures uniquely on the first list, n 01 is the number of captures uniquely on the second list, n 11 is the number of people who are jointly captured on both lists, and c n 00 is the estimated number not caught on either [11] . The total population size is the sum of unique individuals on any capture occasion plus the estimated count for the unobserved population.
In public health, the capture homogeneity and list independence assumptions do not always hold. Lists of clients of services, for example, are rarely independent samplings of the target population. Uncontrolled positive dependence (i.e. people included on one list have a higher probability of inclusion on another list) will underestimate the target population size by inflating the denominator in the Lincoln-Petersen estimator. Negative dependence (i.e., people included on one list have a lower probability of inclusion on another list) will overestimate the target population by reducing the denominator in the LincolnPetersen estimator [11, 13] . When at least three lists are available, log-linear regression modeling is often used to relax these assumptions by controlling for list dependencies through interaction terms. One possible model may take the form [14] ,
This model estimates the log expected count of the population size for a 3-list capture-recapture analysis and adjusts for a positive (or negative) dependency between lists i and j. Additional lists provide additional degrees of freedom (2 n -1 degrees of freedom, where n is the number of lists) to control for list dependencies.
The number of potential models to fit (combinations of main and interaction terms) exponentially increases with the number of lists. For three lists, eight models are possible; four lists yield 113 possible models. The best model is often identified as the one with either the lowest Akaike's Information Criterion (AIC) or the lowest Bayesian Information Criterion (BIC), statistics that balance the fit of the model to the observed data with penalization for each additional parameter in the model [11] .
Data Sources
We defined the target population as persons who were newly diagnosed as HIV positive in Alameda County as well as those persons receiving HIV-related health care services within the county. The target population includes residents from outside the county who obtain HIV-related healthcare services within the county. The target population does not include Alameda County residents who only receive HIV-related health care services outside of Alameda County. We obtained six lists representing diverse segments of the target population: 
Record Linkage
Record linkage was done through a combination of manual and semi-automated matching algorithms. Manual linkage was done using Microsoft Excel to sort observations by patient name, sex, and date of birth to find matches between lists. We used fine-grained record linkage (FRIL) open-source software to perform semi-automated matching [15] using patient name and date of birth. A combination of exact match, distance matching, and Soundex (a phonetic algorithm) algorithms was used to identify possible matches. Matches identified by software were manually reviewed for confirmation. After matches were confirmed, patient identifiers were removed from the data set.
Capture-Recapture Analysis R statistical software was used for capture-recapture analysis [16] . We applied the Lincoln-Petersen estimator to pairwise combinations of lists to estimate the unobserved population size. The Lincoln-Petersen estimator allowed for the identification of positive and negative dependence based on the magnitude of the estimated population size. We used the R package Rcapture [17] to fit log-linear regression models, controlling for potential list dependencies and to select the best fitting models according to the lowest AIC and BIC. Confidence intervals were calculated using the profile likelihood.
To compare against results from the log-linear regression modeling we used decomposable graphs approach (DGA) [18, 19] to calculate the population size using a Bayesian model averaging approach. DGA estimates a posterior probability distribution for the possible values of the population size for each decomposable graph, a model that specifies a dependency structure between lists, analogous to each fitted log-linear regression model [19] . The posterior probability distributions are averaged and weighted by their marginal likelihoods to calculate a single posterior probability distribution for the population size. From this single posterior probability distribution, we calculated the mean and 95% credible interval as the estimated size of the target population. The DGA differs from the traditional regression modeling approach in that the DGA fits and incorporates information from all possible models, whereas the regression modeling selects a single model based on AIC/BIC and ignores information from all other fitted models.
Subgroup Analysis
To estimate the sizes of population subgroups, we stratified the data by demographic variables and applied the DGA model within strata. We then calculated ''Ascertainmentcorrected adjusted detection ratios'' (ACADR) to describe the probability that the surveillance system would observe (or ''detect'') an individual from a demographic category, holding constant other demographic categories included in the model. We used the ACADR to assess whether any subgroups were systematically under-represented in the HIV surveillance system. A value of 1 indicates no difference in the probability of being observed by the surveillance system relative to the reference category.
To calculate this parameter we weighted our data set, the aggregate of individual lists, to mirror the estimated target population, taking the following procedures:
1. First, we determined the distribution of a subgroup (e.g. gender) in the target population not observed by the surveillance system by subtracting the number observed by the surveillance system from the subgroup population size estimated by the DGA model (e.g. subtracting number of females observed on the surveillance list from estimated count of females in the target population). 2. Second, these marginal (i.e. not stratified) distributions were used to calculate sampling weights using the iterative proportional fitting procedure from the R survey package [20] , which matches marginal distributions of a survey sample to known population distributions. These sampling weights were then applied to individuals in the data set who were not observed by the surveillance system (regardless of whether or not they were also observed on any combination of the facility-based lists). In so doing, the subset of the data set not accounted for by the surveillance list is then weighted to look like the portion of the target population not explicitly captured by the surveillance system. 3. Finally, we fit a modified Poisson regression model [21] , using generalized estimating equations (GEE) with an exchangeable correlation structure and robust standard errors, to model the probability that an individual with a given demographic characteristic would be on the surveillance list relative to the reference category, controlling for all other measured characteristics in the model. With a binary outcome (0 = not observed on the surveillance list, 1 = observed on the surveillance list) a modified Poisson regression allows us to approximate a risk ratio.
Sensitivity Analysis
As a sensitivity analysis, we followed the recommendation of Cormack et al. that removing the list with the most complete coverage of the target population results in more plausible population size estimates [22] . We fit log-linear regression models using L1, L2, and L3, (the three facilitybased lists) accounting for all combinations of source dependencies.
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Results
A total of 5376 unique individuals were identified from the capture-recapture sampling of the ACPHD HIV surveillance list (L4) and the three facility-based lists (L1-L3). An additional 16 individuals were on the EDRS list (L5), and 12 were on the HIV testing list (L6). Due to small sample size and data quality concerns (e.g., lack of sufficient identifying details, such as last name and date of birth, to confirm matches; as well as inconsistent reporting of all data fields used in this analysis), we excluded the EDRS and HIV testing sites from the analysis. The largest proportion of the study population was accounted for by the HIV surveillance list (n = 4979); 80% of individuals in the data set were males, while 42% were non-Hispanic Black/African-American and 33% were non-Hispanic white. Nearly half (47%) of the individuals in the data set were 50 years of age or older. Over half (58%) had malemale sexual contact as the HIV transmission risk. Table 1 compares demographic characteristics across the four lists. Figure 1 illustrates the four-list capture-profile as a Venn diagram. The facility-based lists (L1-L3) revealed 397 unique individuals who were not previously identified in the HIV surveillance list (L4). Table 2 provides estimates of the unobserved population size and the total population size using the LincolnPetersen estimator. Two-list capture-recapture analysis using any combination of L1-L3 indicated negative list dependence, given the magnitude of the estimated unobserved population (L1 * L2: n 00 = 48,695; L1 * L3: n 00 = 53,580; L2 * L3: n 00 = 34,303). That is, individuals who were observed on one of these lists (e.g. L1) were also less likely to be observed on either of the two remaining facility-based lists (L2 or L3), violating the ''list independence'' assumption. This arises, for example, if a person does not get care at one facility because they already receive their care at another. Two-list capture-recapture analysis between L4 and L1, L2, or L3 did not indicate list dependencies between these pairs.
Log-linear regression models incorporated information from all four lists and modeled list dependencies. The loglinear model assuming independence between the four lists (i.e., no interaction terms included in the model) estimated the target population size to be 5943 (95% CI 5867-6023) ( Table 3) . Using the AIC criterion, the best fitting model estimated the total population size to be 6124 (95% CI 6003-6256), indicating L4 to be 81.3% complete (number of unique individuals listed on the HIV surveillance list 7 estimated size of the target population). The remaining four best fitting log-linear models provide similar estimates of the total population size, ranging from 6092 to 6124, with the fifth best fitting model estimating the population size at 5604 (95% CI 5544-5670).
The Bayesian model averaging approach, using all models identified by decomposable graphs and weighted by their marginal likelihood, provided a single estimate for the size of the target population (N = 5720) and corresponding 95% credible interval (5587-6190) ( Table 3 ; Fig. 2 ). The DGA model revealed a bimodal posterior probability distribution for the estimated population size, indicating two values for the population size with high probability: 81% of the posterior probability distribution was attributed to a population size of 5638 and 17% to 6123. DGA model results indicated the HIV surveillance system (L4) was 87% complete. Table 4 compares demographic characteristics in the HIV surveillance system (L4) to the estimated size of those subgroups in the larger target population according to the DGA model. Females in the estimated target population were 12% more likely than males to be detected by the surveillance system (ACADR 1.12, 95% CI 1.08-1.17). Non-Hispanic Black/African-Americans were 4% more likely (ACADR 1.04, 95% CI 1.02-1.06) and Hispanics were 4% less likely to be detected by the surveillance system compared to non-Hispanic Whites (ACADR 0.96, 95% CI 0.94-0.99). Increasing age categories were positively correlated with ACADRs, although a statistically significant association was found only for C60 years 
Discussion
We estimate Alameda County's HIV surveillance system to be 87% complete based on 5720 estimated persons diagnosed and receiving treatment in Alameda County against 4979 cases reported. Estimates from individual models calculated using the DGA model were consistent with the best fitting log-linear regression models. That is, a high probability was attributed to a population size estimate of 5638 (81%) and to a size estimate of 6123 (17%). Selecting a single best fitting model according to AIC/BIC does not account for the likelihood of that model, relative to the likelihood of competing models. In fact, simulation studies have shown that capture-recapture model selection based on AIC can result in unpredictable biases, due to some list dependencies inducing a statistical dependence between other lists [23] . These simulation studies also showed that while the population size was accurately estimated by one of the log-linear regression models fit to the data, this model was not selected as the ''best'' model, based on the AIC. The DGA model, in contrast, allows each model to contribute to the final estimate by calculating and weighting each model by its marginal likelihood when averaged together into a single posterior probability distribution. This approach accounts for multiple likely estimates of the true population size, and the uncertainty in model selection, while the AIC/BIC model selection criterion does not. The HIV surveillance list may have missed 13% of the target population for several reasons. First, health care providers may forego a laboratory test if the patient is routinely engaged in care or only renewing a prescription. Second, some visits to healthcare facilities are for social or other services. Third, tests ordered in clinical trials are exempt from mandated reporting. In these scenarios, PLWH known to health care facilities remain unreported to the HIV surveillance system.
Subgroup Analysis
As a sampling mechanism, we found the HIV surveillance system ''captures'' a mostly representative cross-section of PLWH. Nonetheless, some groups carrying a disproportionate burden of HIV infection, such as racial minorities, men who have sex with men (MSM), and people who inject drugs (PWID), have a higher probability of inclusion. Women and older persons were also more likely to be reported. For example, although there are four times as many males as females on both the surveillance list and in the estimated target population, females were 12% more likely to be detected by the HIV surveillance list compared to males when other measured demographic and risk variables are held constant. Differences in the probability of detection between subgroups may reflect a higher propensity of health care providers to order laboratory tests for certain patients. This apparent ''over-sampling'' of minority and marginalized populations, who are known to bear a disproportionate burden of HIV infection, could reflect a success of public health programs in reaching high risk groups. For example, Okeke et al. recently reported a repeated cross-sectional analysis of racial disparities along the continuum of care among MSM in San Francisco from 2004 to 2014, based on data from the National HIV Behavioral Surveillance surveys [24] . Although the investigators were limited by small sample sizes, their results [25] . For San Francisco county, which neighbors Alameda County, Laffoon et al. found a higher percentage of females being linked to care, compared to males. The authors also found a monotonic increase in the percentage of people linked to care by age group, also similar to results from our subgroup analysis (Table 4) . Although the target populations for these analyses do not completely overlap with the target population we have defined in this study, the broad trends appear to be consistent with our sub-group analyses. A notable difference is that Laffoon et al. found a lower percentage of Black/ African-American PLWH linked to care, compared with White PLWH, contrary to our subgroup analysis. Either Alameda County is an exception or the issue of lower linkage to care of Black/African-Americans needs further investigation in our population. Differences in the probability of detection could have implications for interpreting data reported by public health departments. For example, the 2015 Alameda County HIV epidemiology report indicates that 55.1% of Latino PLWH are retained in care, compared to 61% of White PLWH [26] . Our subgroup analysis indicates that Latinos are less likely to be detected by the HIV surveillance system, compared to non-Hispanic whites (ACADR = 0.96) (95% CI 0.94-0.99). The apparent racial disparity in measures along the continuum of HIV care may then be overstated, if we account for the differential probability of detection. Notably, the statistics presented in the 2015 report apply to the population of Alameda County residents who are HIV positive, regardless of where they seek care (our analysis applies to population of PLWH seeking care within the county, a substantial though not complete overlap). Therefore, the degree to which differences in the probability of detection will attenuate reported differences in measures along the continuum will depend on the extent to which there are differences in the probability of detection in other jurisdictions where care is sought. It may be possible to account for this bias in reporting if more jurisdictions estimated and reported ACADRs.
Addressing Assumption Violations
Three out of the four lists used for statistical analysis (L1-L3) showed evidence of list dependency (Table 2 ). Table 2 demonstrates that a two-source capture-recapture study with any pairwise combination of L1, L2, and L3 would result in an overestimation of the size of the unobserved population and, by extension, the total population size. Although regression modeling is commonly used to relax the assumption of statistical independence between lists, it is worth noting that this statistical adjustment cannot prevent biased estimation when there is list dependency between all combinations of lists. As we demonstrated with a three-list capture-recapture sensitivity analysis (removing L4-HIV surveillance), all possible log-linear regression models calculated implausible estimates for the total population size. Seven of the eight possible log-linear models estimated the size of the population to be greater than 35,000 individuals, with the majority of models estimating a population size ten times as large as the number on the HIV surveillance list. The eighth model, the worst fitting according to the AIC, estimated the population size to be 2854, 57% of what was observed on the HIV surveillance list. In a three-list capturerecapture analysis, in which all lists are negatively dependent with respect to one another, there were not enough degrees of freedom to control for all list dependencies. The addition of the HIV surveillance list, a list that statistically appears to be independent of the facility-based lists, provided additional degrees of freedom to control the list dependencies adequately. Investigators must carefully consider the list dependencies during the study design stage when selecting lists and check their assumptions about list dependencies by applying the Lincoln-Petersen estimator to all pair-wise combinations. Interestingly, while the DGA model estimated the total population size to be 65% of what was observed on the HIV surveillance list for the three-lists capture-recapture analysis (N = 3235), the 95% credible interval (2854-6423) included our best estimate of the population size from the four-list model.
There is no statistical solution for inaccuracies in record linkage. The HIV surveillance list (L4) included alternate names for individuals which improved our ability to identify individuals on other lists. Several investigators were involved in confirming record linkage, bolstering the accuracy of the matching process. Despite these efforts, it is possible we did not identify all matches. Anecdotal evidence from individual sites indicates that false or alternate identifiers occur, especially for undocumented foreigners and transgender persons. We assumed that patients gave the same false or alternate identifier at all sites. The likelihood of negative list dependencies between health care facilities included in this analysis relaxes this concern, as individuals on one facility-based list are very unlikely to appear on another facility-based list.
The closed population assumption assumes that there are no changes to the target population, which may result in some people having a zero probability of inclusion on a given list. As has been done in other capture-recapture studies, we attempted to relax this assumption by focusing on a well-defined time window with which to estimate the population size (calendar year 2013) [27, 28] . The death registry indicates that ours is not a true closed population; 57 PLWH died in 2013, 16 of whom did not appear on any other list included in this analysis. However, there were no temporal constraints on any of the lists included in this analysis. That is, each list actively sampled from the target population throughout the 2013 calendar year. Therefore, at any given time during this study period, individual members of the target population had a non-zero probability of being sampled by any of the lists included in this analysis. For this reason, we do not believe that the dynamics of this target population violate the closed population assumption in such a way that would bias our estimates of the population size.
Capture-recapture analysis implicitly assumes the unobserved population is similar to the observed population in measured and unmeasured characteristics. Our analysis applies to the population of diagnosed PLWH engaging services in Alameda County in 2013. This analysis benefits from accessing four diverse lists covering overlapping segments of the target population. The lists differ with respect to the distribution of race/ethnicity, health insurance status, and reason for detection (e.g., medical visit with or without an accompanying laboratory test, social services visit, prescription renewal). Therefore, we are confident that our data set of aggregated lists is representative of the target population. However, if certain types of people have zero probability of appearing on any of these lists, essentially making them invisible to the public health surveillance system, they would not be represented in the estimation of the size of the target population.
Limitations
Our study benefited from collecting information on patient characteristics, making subgroup analyses possible. Sensitive information, such as HIV transmission risk, may be recorded with less accuracy than basic demographic information if providers or patients are concerned about stigma. If true, as suggested anecdotally at some sites, then our data may be subject to misclassification with regard to transmission categories such as MSM and PWID being misclassified as heterosexual contact. This potential misclassification would not affect the total estimated population count, but may result in an overestimation of the population subgroup infected with HIV through heterosexual contact. Although the health care facilities included in this analysis served both the insured and uninsured patient population, we were unfortunately unable to collect patient-level information on health insurance status, likely an important variable influencing capture probabilities. We do not expect the absence of insurance status to affect the total population size estimation (derived from list-level data). Instead, probabilities of detection (the ACADR), calculated from our modified Poisson regression model, may be affected.
Conclusion
Laboratory-based reporting is commonly used for public health HIV surveillance throughout the United States [29] . While the population estimates we present apply to Alameda County, our study more broadly suggests that laboratorybased surveillance presents a mostly representative and reasonably complete sample of the target population. Furthermore, this study empirically compares traditional capture-recapture analysis (Lincoln-Petersen estimator and log-linear regression modeling) to the DGA model, showing that the DGA model is not only consistent with estimates from regression modeling, but also overcomes the shortcomings of the traditional analytic approach (i.e. model selection). Finally, we present the ACADR as a useful parameter to identify underserved populations, and to quantify inequities in access to health care. Capture-recapture is a useful tool to evaluate surveillance systems and to track progress towards maximizing engagement in care.
